Small area estimation techniques are frequently used in poverty mapping. For this paper, an econometric approach to small area estimation, known as the ELL method, was applied to estimate poverty and inequality indicators in small areas 1 of the Islamic Republic of Iran. This study aims to determine patterns of poverty and inequality in small areas and household characteristics related to them in order to provide practical tools for a geographically targeted pro-poor policy. Drawbacks in the current Government welfare policy (uniform cash distribution) along with the diversity among provinces and small areas regarding scale of poverty and inequality and their correlates, as well as the level of living standards, underlines the need to utilize small area estimations as a tool for evidence-based policymaking.
I. INTRODUCTION
Small area estimation (SAE) methods are statistical techniques that borrow strength from auxiliary information to estimate desired parameter(s) more precisely than by direct estimation. 2 The comprehensiveness of coverage of census data on * Graduate School of Economics, Tokyo International University (TIU). The author is indebted to anonymous referees and the editor for their very helpful comments on earlier versions of this paper. Special thanks should be given to faculty of graduate school of economics at TIU for their recommendations and suggestions, in particular Professor Atsushi Maki. The author remains responsible for remaining errors.
1
For the purposes of this study, small areas are defined as urban and rural areas for each county.
2
A comprehensive review of the existing methodology on SAE and some recent developments on the topic can be found in Rao (2003) , Longford (2005) and Särndal (2007) . the one hand, and insufficient sample size in sub-domains in the household income and expenditure surveys on the other hand, prompted a research team from the World Bank to introduce an econometric solution for the small area problem. Elbers, J. Lanjouw and P. Lanjouw (2002) proposed a method (called ELL) which combines information from a household survey and a census to predict per capita expenditure as a measure of living standards for all households in the census dataset.
In this research, the ELL method has been applied to estimate poverty and inequality indicators in small areas in the Islamic Republic of Iran. The method utilized micro-data from a household income and expenditure survey (HIES) conducted in 2007 combined with population and housing census 2006 dataset. The discrepancy in poverty and inequality among small areas is obvious from the results, with location being the most deterministic factor pertaining to poverty incidence. This study suggests that the existing strategy of uniform cash redistribution in the Islamic Republic of Iran be replaced with a geographically targeted policy utilizing SAE. After taking into account many household characteristics, location has a significant correlation with poverty and inequality. Although the lack of spatial information prevents us from identifying the geographical features behind the impact of location, policymakers still need to take this into account and avoid uniform treatments for different areas. On the other hand, comparing poverty lines reveals a large difference in living standards across regions (urban and rural areas of each province). The diversity in poverty and inequality combined with the fact that the impact of household characteristics varies across regions could exacerbate the effects of uniform redistribution policies on the household welfare.
No studies on poverty and inequality for small areas have been completed in the Islamic Republic of Iran. The Government, through the Statistical Research and Training Center, conducted two major studies in 2002 and 2003 on poverty but their scope was limited to calculating only poverty lines and some other poverty indicators at the country level, in seven regions and for some occupation levels. Notably, two predominant studies on poverty and inequality are Assadzadeh and Paul (2004) and Salehi-Isfahani (2009) . The former evaluated changes in the extent of poverty in the Islamic Republic of Iran during the post Islamic period and the latter one examines the trend of poverty and inequality in the three decades after the revolution. Assadzadeh and Paul (2004) calculated poverty and inequality indicators not only for the country as a whole, but also for nine geographic areas as well as for occupation levels. Based on the existing literature in the Islamic Republic of Iran, researchers in the country have been trying to estimate welfare indicators below the country level, but due to limited sample size in small areas, the surveys mentioned above only cover the regions and some wide demographic groups. Nonetheless, ELL has been extensively implemented in several countries in the last decades, including, among others, in Cambodia (Fujii, 2007) , Indonesia (Suryahadi and others, 2005) , the Philippines (Haslett and Jones, 2005) and Viet Nam (Minot, Baulch, Epprecht, 2006) . The remainder of this paper is devoted to reviewing the methods used in the analysis, to be introduced in section II, and evaluating poverty and inequality patterns using small area estimations and poverty and inequality maps in section III. Section IV contains policy implications based on the findings of the paper.
II. ESTIMATION METHODS
The ELL method is used mainly for poverty mapping for SAE. Recently developed by the World Bank, this method utilizes census information to predict welfare measurements for households at the micro-level.
This section introduces the ELL method as well as the methodology used to determine poverty and inequality correlates to compare and analyse these aspects of welfare in small areas.
ELL method
Consider y ih as per capita expenditure of household h (h = 1, 2, ..., n i ) in area i (i = 1, 2, ..., A) where n i is the number of sample units in area i and A is the total number of small areas. The main concern is to fit an accurate predictive model of y ih . The following is a linear approximation to the conditional distribution of y ih .
In
where x ih is the vector of auxiliary variables (limiting to those that are common to both survey and the latest census) for household h in the i th area and the vector of disturbances, u, follows distribution F (0, Σ). The x ih includes both household and area level variables to capture the effect of household and individual characteristics as well as regional effects (tables A.1 and A.2 list these variables). Since the predictive model (1) has been applied for each province separately, the variables involved in x ih vary across provinces. Thus, depending on the matching outcomes, a subset of potential variables presented in the appendix is used for each province. The disturbance u ih contains all the effects not described by auxiliary variables. Although the area auxiliary information is involved in the x ih , some unexplained effects of area on the welfare will remain in the u. Therefore, allowing for area effects, the following model is suggested for the disturbance term:
In model (2) η i is area random effect, independent to ε ih , and both are uncorrelated to x ih .
An initial estimate of β in equation (1) is obtained from the ordinary least square (OLS) or weighted least squares (WLS) estimation and then û ih denotes the estimated values of disturbances. No heteroskedasticity for the area random effect has been assumed, as many areas (672 in our case) are too small to cause heterogeneity. However, we allow for heteroskedasticity for variance of ε ih . From this error specification, one can also imply that the less the share of area effect in total error variance, the less one benefits from disaggregating data. From the following decomposition we can get the estimated values of η i , ε ih and also variance of ε ih :
Where û i. is the mean of estimated disturbances, û ih , over households in the area i which estimates η i , and e ih = û ih -û i. estimates ε ih . Elbers and others (2002) proposed a logistic form for variance of ε ih to avoid negative or extremely high predicted variances,
in which A and B are upper and lower bounds to avoid extreme values for the variance and z ih is a vector of household characteristics which is not necessarily different from x ih . These bounds can be estimated simultaneously with parameter α. However, Elbers and others (2002) found that using measures B = 0 and A = 1.05 x max (e 2 ih ) leads to similar estimates of model parameters which are more practical. This logistic form also does not allow for negative values of variance.
The variance estimator for ε ih can be achieved as follow by using the delta method (Greene, 2007) .
The other component of variance is variance of area random effects, σ 2 η , which is estimated using moment conditions (Elbers and others, 2002 At this point, the estimated error terms, η i and e ih are simulated, either by assuming proper distributional form for them or using their empirical distributions. Simulation allows us to estimate welfare indicators (introduced later in this section) as well as their sampling errors. The ELL method uses bootstrapping to simulate welfare estimators. In this method, we repeatedly draw samples with replacement randomly from the error terms' empirical distribution or from suitable distributions (normal or t-student with proper degrees of freedom). Then the welfare indicator for the small area i, W i , can be estimated as
where W ir is the simulated welfare indicator in i the small area and R is the number of iterations. The variance of welfare estimates can simply be estimated as follows:
Practical aspects
This section clarifies some important aspects of the econometric model and illustrates the method with which we can derive explanatory variables that are as accurate as possible to ensure that all the potential of the census information is utilized to predict the household's per capita expenditure precisely. The main purpose of this practice is to choose explanatory variables that are proxy indicators of a household's consumption and have strong logical and empirical links to that. One advice would be to identify all possible main determinants, including, among others, household size, the age and gender composition of the household, education, health, social capital and assets, and leave the effects of other factors that operate at higher levels to be captured by the area random effect. To ensure that all aspects of consumption expenditure are considered and household information is used in the most efficient way, a comprehensive list of potential proxy indicators (explanatory variables) which meet some eligibility conditions (their wording and response options in the questionnaire, reference periods, concepts and distributions, which all have to be same for both survey and census) has been identified for entry into the econometric model. Therefore, all these criteria have been tested beforehand and only variables that met these three conditions were identified as candidates as proxy indicators. The two most important considerations are the following:
•
The linkage between census and HIES is rather tenuous because of the differing context of the two data collection processes. The wording and format of the questions have been checked to ensurễ
1 Rˆ~ that the difference in wording or response options do not generate conceptual inconsistencies and in case of disagreements, possible changes were made to resolve them. Typical examples are job occupation and head of collective households.
• A particular question must measure the same feature and provide the same range of information in both systems. Probable differences between the two systems regarding concept, referenced period or subpopulation covered by the question should be carefully taken into account. For instance, the distinction between agriculture and non-agriculture occupations has different criteria in two systems. In order to have consistency between census and survey, the job occupation in HIES has been redefined using International Standard Industrial Classification (ISIC) codes.
Annex table A.1 shows the final list of potential variables after taking into account the requirements and adjusting some questions, such as recoding, collapsing response options and redefining subpopulations.
In order to achieve household variables, the initial variables need to be checked to make sure that the distribution is the same in the survey and census. There are several methods to test the distributions depending on the type of the data. However, these statistical tests are sometimes very strict and we may lose all the potential variables using these criteria. Therefore, it suffices to test for equality of the means of the continuous and the proportion of the categorical variables. The variables with statistically equal means (proportions) in both the census and the survey have been determined as matched variables for every province separately and applied in the corresponding predictive model. Therefore, among the provinces, there may be different sets of matched variables.
To take into account the area effect, an area level vector of independent variables should be introduced into the consumption model. In contrast to the household variables, for this part, only census aggregate information in the area level can be used. This enables us to also benefit from variables that have not been equally distributed in the survey and the census. For example, household size has different means in the survey and the census in rural areas but for this part, average household size for each area as an independent variable can be used. The same applies to availability of gas, telephones, car or sanitation systems, which are anticipated to influence the household welfare level. The area level independent variables are listed in annex table A.2.
An important consideration about the model is that it is estimated only for predictive purposes, and it would not be appropriate for concluding any cause-effect relationships between household expenditure (income) and the proxy indicators. Therefore, the magnitude and signs of the coefficients are not important in such predictive models. What matters here is the level of correlation, or the R-squared value of the regression of lny on X. In fact, this econometric model is designed to capture the association between expenditure and some proxy variables, and to return a prediction as accurate as possible. Nevertheless, it does not mean that the statistical significance of the coefficients is not a consideration. Indeed, it is important to select proxy indicators that will lead to a model with an R-squared value as close to 1 as possible while having all coefficients statistically significant.
Poverty lines
To measure poverty indicators in a society, it is necessary to have a threshold of access to goods and services under which individuals are classified as poor. Poverty line is a monetary cost to a given person, at a given place and time, of a reference level of welfare (Ravallion, 1998) .
Poverty studies on the Islamic Republic of Iran have used different measures of poverty lines due to either conceptual or technical differences. However all of studies were taken at the country level or ultimately cover geographical regions or occupational categories. As this study analyses welfare in small areas, using such country-wide poverty lines demands a very restrictive assumption on tastes, living standards and markets. On the other hand, the HIES sampling design allows for estimation of poverty line in each region (urban and rural areas for each province). Following Ravallion (1998) with slight modifications, particularly correcting for outliers of average cost of one kilocalorie (Kcal) per person, a poverty line has been estimated for every region based on cost of basic needs (CBN). The CBN poverty line has two components, food and non-food. The following is short description of estimation process for the CBN method. For more detailed review of this, please refer to Ravallion (1994 Ravallion ( , 1998 .
official criterion for this. 4 To keep comparability with other studies and to stay close to international standards, 2,200 Kcal was used for this study as the minimum nutritional requirement for good health.
To compute the minimum cost of the caloric requirement, a reference group must be selected. As the demand patterns are unknown in the regions, one method is to use a nationally fixed group, poorest 30 per cent in this case, and set a bundle of goods for each region from the individuals who belong to this national reference group. After finding the average calorie cost per person in each region, food poverty line is L 
Non-food component
The welfare consistency and time and location matters are more significant when it comes to the non-food poverty line. Ravallion (1994) suggested upper and lower bounds for non-food component of poverty line. The upper bound is the mean per capita per year non-food expenditure for households whose food spending equals the food poverty line. The lower bound is the mean per capita per year non-food expenditure for households whose total expenditure equals food poverty line. Then the following is defined: (Management and Planning Organization, 2000) , 2,168 (Pajooyan, 1994) , 2,500 (Akhavi, 1996) . The author's calculations, however, indicate that the minimum requirement should be 2,448 Kcal according to the table of the daily minimum caloric requirement adjusted for age distribution in 2006 housing and population census.
Annex table A.3 shows the regional poverty lines as well as the national level lines for rural and urban areas. One may question that sample sizes are not large enough in each province to estimate precise poverty lines.
5 However, through the application of the bootstrap method with 1,000 replication, the coefficient of variation (CV) for poverty lines in all 60 regions have been estimated. The CVs vary in the range of 1 to 6 per cent, which is quite reasonable.
A comparison between the regions by their poverty lines may be misleading. As these poverty lines are absolute in terms of living standards and in this case the household consumption is the living standard indicator, differences between poverty lines arise from several factors which affect average household expenditures in a particular region, such as public goods availability, living standards, consumers' taste, household wealth, price levels and relative prices and natural endowments. The reference groups for the non-food component provide different functions for upper and lower poverty lines. Depending on the case, any of the poverty lines can be used in welfare policies. For instance, in minimum wage determination, a government may decide to use the upper poverty line, but in the case of food subsidies, the lower poverty line would be a better criterion to distinguish households that are unable to meet the minimum quantity of food intake after spending on very basic non-food commodities. The average poverty line is a conservative line to be reported as official statistics and suitable for policy evaluation and countrywide comparisons. In this study, the average poverty lines are used for small area estimations in each province.
Poverty and inequality correlates
In addition to the regional pattern and the disparity of poverty and inequality, an informed welfare policy requires information on attendant correlates of the welfare indicators. A regression-based inequality decomposition method (Fields, 2003) has been used to find the contribution of each explanatory variable and consequently, each category of variables in per capita expenditure's variation. A logistic regression has been applied to find influential factors on the likelihood of being poor. Obviously, provincial poverty lines have to be used for the latter one to distinguish the poor from the non-poor. The same explanatory variables have been included in the two models. Annex table A.4 presents explanatory variables of models (7) and (10). In addition to the variables in annex table A.4, location dummies have been introduced into the model to capture the regional effects. Although the regional effects are not very informative without doing spatial analysis, the magnitude of the effects is stimulus for further deep analysis on regional differences and also for policy implication purposes.
5
The HIES sample sizes vary in the range of 480 to 1,700 households across small areas.
Inequality decomposition
It is a very common practice in poverty studies to fit a semi-log regression model to generate per capita income (consumption expenditure) using explanatory variables found by either past experiences or according to the theory. Fields (2001 Fields ( , 2003 used this income-generating model to decompose income inequality not only for one single model but also to find the contribution of explanatory variables in the inequality changes between two groups or times. This paper only addresses the former objective and uses the regression-based inequality decomposition method to find the share of per capita expenditure inequality which is attributable to each explanatory variable and each group of variables.
Below is an example of a similar model with equation (1), but without the complicated error specifications.
In y = Xβ + u
Where y and X are a vector of per capita consumption expenditure and a matrix of explanatory variables, respectively. u is the error vector and β is the vector of model parameters to be estimated. The rirst column of the explanatory variables matrix, X, always accounts for the intercept. Therefore, X is in the dimension of n x (K + 1) in which K is number of explanatory variables and n number of households. The contribution of k th explanatory variable is given by equation (8).
where β k is the OLS estimation of corresponding model parameter for k th variable, x k is the k th explanatory variable and σ 2 In y is the variance of. The s K can be interpreted as the share of explanatory variable x k in the total variation of logarithm of per capita expenditure. It is clear from equation (8) that the contribution of the intercept in the expenditure variation is zero. 6 The important identity of s k is that Σ S k = R 2 and sequentially S u = 1 -Σ S k . Therefore, the percentage contribution of th variable in the R-square can be calculated as:
Morduch and Sicular (2002) disputed this decomposition method, first proposed by Fields (1998) , for zero contribution of constant term due to log functional form. Nonetheless, in the Morduch and Sicular (2002) proposed model neither can derive the contribution of intercept and error term from the natural rule of decomposition, whereas a large share of expenditure variation is left unexplained in the proposed functional form. For a general approach to the inequality decomposition refer to Wan (2004) .
In other words P k is the share of k th variable in the model predictability.
In practice, there are different types of explanatory variables in matrix X. For continuous variables, only one s k exists, but in the case of categorical variables, the contribution of each variable equals the total of all s k 's for corresponding dummies in the model. Also, for each category of variables, such as demography or assets, the contribution coefficient is again simply the total of all s k 's in the category.
Poverty correlates
Logistic regression analysis is often used to investigate the relationship between discrete responses and a set of explanatory variables. For binary response models, the response of a sampling unit may or may not take a specified value (in this case, per capita expenditure may or may not be under the poverty line). Suppose x is a row vector of explanatory variables and π is the response probability (probability of being poor) to be modeled. The linear logistic model would then have the following form:
in which α is the intercept parameter and β is the vector of the slope parameters. The left-hand side of this equation is called the log odds ratio. Obviously, provincial poverty lines have been used to construct the response variable.
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Poverty and inequality indices
Among the numerous articles on poverty and inequality measures, one of the most widely used sources is Fields (2001) , which covers a wide range of poverty and inequality indicators. For this study, the most popular indices have been applied to compare both poverty and inequality among small areas.
A class of poverty measures identified by Foster, Greer, and Thorbecke (1984) known as FGT measures can be expressed as follows:
A maximum likelihood estimation of parameters can be computed by using computer programs, which are relatively inexpensive. The reader may refer to Maddala (2001) for more technical details.
where z is the poverty line, y i is expenditure for i th poor individual, n p number of poor individuals and w i is the sampling weight for i th sampling unit.
The different values of α in equation (11) give different measures of poverty. Poverty incidence, the proportion of the population whose annual per capita income falls below annual per capita poverty threshold level is derived when α = 0. This measure is referred to as the poverty head count ratio. The depth of poverty (or the poverty gap) is derived when α = 1. P 1 takes into account not only how many people are poor but how poor they are on average. If we rearrange the formula (11) for P 1 , it is equal to the head count ratio (P 0 ) multiplied by the average percentage gap between the poverty line and the income (expenditure) of the poor. When α = 2, this equation gives a measure known as severity of poverty (or squared poverty gap). P 2 takes into account not only how many people are poor and how poor they are but also the degree of income inequality among poor households. It is equal to the incidence of poverty (P 0 ) multiplied by the average squared percentage gap between the poverty line and the income of the poor.
Inequality measures show the degree of the discrepancy among individuals in terms of their income (expenditure). The Gini coefficient is the most commonly used inequality measure in the literature. Equation (12) shows a weighted form of the Gini index,
in which y is the average per capita expenditure in the region. In fact, the Gini coefficient is the area above the Lorenz curve and below the diagonal 45-degree line divided by the area under the diagonal line.
III. NUMERICAL RESULTS
An extensive number of estimates has been produced by using the abovementioned techniques, making comparisons and interpretations difficult. To prevent confusion, this report does not focus on detailed estimations over small areas but instead concentrates on some extreme cases. Maps are very instrumental tools to visually compare different areas and diagnosing the patterns and disparities of The reader may refer to Deaton (1997) for more details.
indicators over the country.
9 Annex figure A.1 shows the location and names of provinces.
National and regional poverty and inequality
The results indicate that the national headcount poverty rate (P 0 ) in rural areas (15 per cent) is significantly higher than in urban areas (11 per cent). This gap is even wider when comparing the depth of poverty (P 1 ). The national level in rural areas is 0.04 compared to 0.029 in urban areas. As for the severity of poverty, the (P 1 ) indicator, in which the distribution of the expenditure is rated in addition to the poverty gap, the figure is 50 per cent higher in rural areas at 0.018 versus 0.012 in urban areas.
For the study, the Gini index was used to measure inequality in terms of per capita consumption expenditure. Even though poverty incidence is higher in rural areas, the results show that income (expenditure) is distributed more equally in rural areas than in urban areas. This is due to homogeneity of living standards among rural households.
At the regional level, the rankings of urban and rural areas in terms of P 0 by province tend to vary. This is not the case, however, for province 11 (Sistãn va Baluchestãn), ranked as the poorest province in both its urban and rural areas and province 02 (Mãzandarãn), ranked as the second richest province in both areas. The largest gap between urban and rural areas in terms of poverty incidence has been detected in provinces 23 (Tehrãn) and 15 (Lorestãn). In these two provinces, the people in the rural areas are much poorer than those in urban areas (more than twice). Annex table A.5 shows national and regional estimates of poverty and inequality.
Poverty and inequality in small areas
The Islamic Republic of Iran consists of 336 counties. To account for the urban and rural areas in each county, welfare indicators have been estimated in 672 small areas which range in population from 781 to 7,872,280. This level of disaggregation is very informative for pro-poor policies since it provides key information for studying patterns in poverty and inequality and their relationships with other characteristics of small areas.
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Detailed statistics on the small area estimations are presented in Bidarbakht-Nia (2009) and are also available from the author upon request.
Poverty and inequality in rural areas
A comparison of the estimates of the regional level with those of the small areas indicates that using only regionally disaggregated information in policymaking is unreliable. Although province 01 (Gilãn), for example, has a relatively low rate of poverty and inequality, there is considerable diversity in all of the indicators among the counties in the province. In province 05, (Kermãnshãh), the discrepancy is wide with regards to expenditure inequality and in provinces 06 (Khuzestãn), 08 (Kermãn), 10 (Esfahãn) and 27 (Golestãn), only the poverty indicators vary within each province. In province 00 (Markazi), most of the counties fall in the first quintile (poorest 20 per cent) and in 03 (East Ajarbãijãn), all counties fall in the last quintile of inequality (20 per cent highest inequality). In province 06 (Khuzestãn), most of the counties have high poverty and low inequality. In provinces 18 (Bushehr), 26 (Ghazvin), 24 (Ardebil) and 02 (Mãzandarãn), all of their counties are relatively better off when compared with provinces 11 (Sistãn va Baluchestãn) and 21 (Yazd) in which almost all of their counties suffer from high poverty and inequality. Kohrang and Ardal are the only counties in 14 (Chãharmahãl va Bakhtiãri) that suffer from a high poverty rate.
As extreme cases, Savãd-Kuh, Jam and Tonekabon have the lowest poverty rate (less than 3 per cent) and Irãnshahr, Sarbãz and Shãdegãn have the highest poverty rate (more than 47 per cent). Of note, all the counties in the 11 (Sistãn va Baluchestãn) fall in the last quintile in terms of poverty but vary among quintiles in terms of inequality.
Poverty and inequality in urban areas
As for the rural areas, diversity among counties inside the provinces is obvious in some cases. Poverty indicators in provinces 27 (Golestãn), 14 (Chãharmahãl va Bakhtiãri), 17 (Kohgiluyeh va Boyrahmad) and 23 (Tehrãn) vary widely among their small areas. In province 08 (Kermãn), the county Bam, is an exception as its poverty incidence and inequality (poverty rate 6 per cent and Gini index 0.37) are both relatively low. This is due to the reconstruction activities and aid tied to the 2003 earthquake in this area. In province 23 (Tehrãn), the characteristics of the capital city, also called Tehrãn, is a totally different than what is found in the counties. Tehrãn enjoys a low poverty rate compared with other counties in the province but its Gini coefficients are almost the same, with the exception of some small counties in which inequality is not surprisingly very low due to similarities between households. Province 21 (Yazd), 22 (Hormozgãn) and 29 (South Khorasãn) have high levels of poverty and inequality in almost all their counties. In (13) Hamedãn, most of the areas have high inequality but low poverty rates. In 11 (Sistãn va Baluchestãn), a majority of its counties have poverty rates between 30 per cent and 62 per cent. Two counties in the province that are an exception to this are Zahak and Konãrak, which have very low poverty and inequality levels.
In province 06 (Khuzestãn), half of its counties are in the last quintile (poorest 20 per cent) with respect to the poverty rate despite the fact that the province has a lot of industry, including oil production, contributes a share of 15.4 per cent to the country's GDP (the second highest share after Tehrãn) and has the second highest per capita GDP after province 17 (Kohgiluyeh va Boyrahmad). This shows that there is a gap between production value added (or GDP) and disposable income. Although per capita GDP mainly represents the productivity of the people in one region, it is not a good proxy for income in regional studies. This is because the central government tends to control the reallocation of the budget and one of the factors for determining how the funds are distributed is based on the political power of local governments, which often takes precedence over regional GDP. Surprisingly, inequality is relatively low in this province (mostly around 0.35).
The least poor small urban areas (with a poverty rate of less than 3 per cent) are Jam, Bushehr, Gilãngharb, Bijãr, Nowshahr, Ghasr-e-Shirin, Tonekãbon and Marivãn. In contrast, Sarbãz, Sarãvãn, Kalãt, Bahme'ei and Khavãf have the highest level of poverty incidence (more than 47 per cent).
In summary, the estimated poverty rate is less than 0.10 in 31 per cent of the rural counties and more than 0.20 in almost 29 per cent of counties. These statistics are correspondingly 36 per cent and 26 per cent for urban counties which shows that more rural areas are in poverty (in terms of proportion) than urban areas.
Mapping poverty and inequality
Poverty mapping methods have been utilized to visually investigate patterns in welfare indicators in the country. The incidence of poverty in urban areas is shown in annex figures A.2 and A.3. A comparison between two figures shows that the poverty rate varies widely within one province and that the scale of discrepancy is very different among provinces. For example, in provinces 09 (Khorãsan Razavi) and 11 (Sistãn va Baluchestãn), poverty rates among counties range between less than 6 per cent and more than 60 per cent, while in provinces 04 (West Azerbãijãn), 18 (Bushehr), 12 (Kordestãn), 05 (Kermãnshãh) and 02 (Mãzandarãn), the rates differ between 1 per cent and 15 per cent. Generally speaking, in the north-central and north-western parts of the country, there is homogeneity among the interior areas, while in the eastern and south-western regions, the provinces are heterogeneous and generally have higher rates of poverty. In terms of climate circumstances, with the exception of 18 (Bushehr) and 29 (South Khorãsãn), the provinces under study with favourable weather conditions, have relatively low poverty levels in their urban areas.
Some may assume that this is tied to productive agricultural activities but it could easily be tied to other income-generating factors, such as tourism and access to the foreign market (either legal or illegal). In the case of province 18 (Bushehr), the low level of poverty may be attributed to income generated from a special economic zone set up there that enables access to foreign markets through the Persian Gulf. Nevertheless, the information available is not definitive and can only serve as guide in determining the patterns and the magnitude of the effects of some explanatory variables. More information is needed to ascertain the spatial differences and their determinants. Annex figures A.4 and A.5 illustrate rural poverty rates in provinces and small areas, respectively. Similar to the urban case, the disparity in some provinces is considerable in rural areas. The pattern of poverty in rural areas in the north-western part of the country is quite different from its urban counterparts. The urban areas are better off than the rural areas, with the exception of the borderline areas in the northern part of this region where the economy benefits from access to foreign markets and productive agricultural activities.
Another way to determine patterns of poverty is to estimate the number of people whose income is under the poverty line in each small area (poverty density). Poverty density for each area is estimated by multiplying the corresponding poverty rate times the population. Annex figures A.6 and A.7 depict poverty densities for urban and rural areas, respectively. In these maps, each dot represents 400 individuals living under the provincial poverty line. Notably, in both urban and rural areas, regions with high levels of poverty tend to have low poverty density. An exception to this is the south-east region. As poor areas are mainly located in the eastern part of the country, which, except for the extreme north-east, has a desert climate and is less populated than other regions. Generally speaking, many areas with low level of poverty incidence, which may not be considered as a priority in pro-poor policies, have high density of poverty. Therefore, it must be noted that relying only on the poverty rate may cause exclusion of the majority of the poor people in the country. To avoid this, it is very helpful to carefully examine all poverty and inequality indicators simultaneously for areas. Since none of the existing poverty indicators contributes poverty density in the formula it is more likely to be ignored. A comparison of the maps on poverty rate and poverty density shows that in some provinces, such as 06 (Khuzestãn), 25 (Ghom), and in some areas in 11 (Sistãn va Baluchestãn), there is a high level of poverty not only in terms of percentage but also regarding population in poverty. Consequently, multivariable clustering is required to put similar counties in the same category (discussed later in this section).
A comparison between rural and urban areas regarding their inequality Gini index (annex figures A.8 -A.11) for the country as a whole illustrates that the general level of inequality in rural areas is lower than in urban areas. This can attributed to the narrower differences in living standards among rural households. Despite the diversity in poverty, inequality is homogeneous across the country. As discussed in detail later in this study, location is the main explanatory variable for poverty incidence. On the other hand, household characteristics have more of an effect on the level of inequality than location effects.
Finally, to assist in setting priorities for policymaking, small areas have been clustered based on the poverty and inequality indicators (three FGT indicators, the Gini coefficient and poverty density) utilizing a fuzzy clustering technique. Small areas in each cluster are similar regarding to all of their poverty and inequality indicators.
10 Table 1 shows the cluster means of poverty and inequality indicators. In this table, small areas in cluster 1 can be considered non-poor on average, based on all indicators, and sequentially clusters 2 and 3 are worse off except in the case of Gini coefficient in rural areas. (3) is arbitrarily determined.
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For more detail explanations about fuzzy clustering, please refer to Bezdek (1980) . This classification does not mean that, for example, every small area in cluster 1 has a lower poverty incidence than small areas in other clusters. Detailed information shows that there might be small areas with one or more relatively high welfare indicators in cluster 1. This is because the membership function for each small area is a multivariate function in which all the indicators are simultaneously considered. Annex figures A.12 and A.13 map the clustered small areas.
Poverty and inequality correlates
The evaluations outlined in previous sections indicate that the patterns of poverty and inequality vary greatly across the country and between urban and rural areas. Policies aimed at mitigating household deprivations need to be informed with disaggregated statistics that visually illustrate areas and subpopulations with high priorities regarding poverty and inequality. Nevertheless, at this point, two important questions remain unanswered; "what characteristics explain the inequality?" and "who is more likely to be poor?" This study does not assume that there is causality relationship between poverty and inequality and household characteristics. Instead, it determines what factors explain inequality and are more closely related to the likelihood of being poor. To show the general effect of explanatory variables on poverty and inequality, the country level models (for rural and urban separately) have been fitted. Moreover, a linear logistic model has been estimated separately for each province in order to monitor different effects of explanatory variables on poverty across regions. Regarding to the inequality decomposition, the contribution of each explanatory variable (S k ) and, to be more precise, the share of each variable in the R-square (P k ) have been calculated for the national level.
11 Bar charts in figure 1 show the percentage share of each category in the predictability of the country-level model. In other words, it indicates the overall effect of each group of explanatory variables on the expenditure distribution in country level. The asset category is the most influential factor in both urban and rural with almost half of the contribution in the per capita expenditure variation. In both rural and urban areas, education level and location are two other effective categories with the difference being that location has much greater effect in rural areas than in urban areas. This may be attributed to the many spatial characteristics which could affect the income level and income inequality in rural areas, such as transportation facilities, natural endowments and distances to the big cities. As location is an exogenous variable, this result suggests that investing in infrastructure in rural areas could mitigate inequality. However, to determine this, more Geographical Information Systems (GIS) information is required to analyse the spatial determinants of the poverty and inequality. Inside categories, the most effective variables are car ownership and the floor area per person in the asset group for both urban and rural areas. In the case of demographic the size of household has the most influence on the per capita expenditure disparity.
The interpretation of coefficients in the logit model is not straightforward and usually requires some extra work after parameter estimations have been made. In this paper, the explanatory variables (annex table A.4) are divided into three groups according to their measurement scale: dummy variables, ratios and other types (continuous or counts). The coefficients are interpreted as the amount of change in log odds due to a one unit increase in explanatory variables. Thus, absolute values of the coefficients are comparable in each category; the corresponding explanatory
11
Since semi-logarithmic functional form applied to inequality decomposition is not mean-independent, only a country model has been fitted for inequality decomposition. The logit model has been applied at the country and the provincial levels in both rural and urban areas. Table 2 illustrates the most effective variables in country model. Note that location dummy variables (336-1 dummies for counties' effects in the model) have been excluded from the comparison.
However, when the location parameter estimation is included, it can be observed that in the dummy group, about 90 per cent of location effects (either positive or negative effects depending on the degree of poverty) in urban areas and 60 per cent in rural areas are significant and more influential than other dummy variables. Location effects are more informative when using provincial models for geographically targeted pro-poor policies. The regional results (not presented here) indicated that in almost every province location is highly correlated with poverty likelihood. These results only show the degree of importance of location when analysing poverty. However, information available cannot explain why location is such a determinant factor. Lack of GIS information in the Islamic Republic of Iran, such as distance to the markets (domestic and foreign) and facilities, soil fertility and climate does not allow spatial analysis in our case. Although the most effective variables from the country level were presented in the above table, locally targeted policies need to consider provincial models in which every province has its own characteristics and poverty attendant correlates. For instance, in country as a whole, car ownership significantly increases the likelihood that a person will be classified as non-poor, while in provincial models, this variable has very different effects in different provinces.
IV. POLICY IMPLICATIONS AND CONCLUSION
The results of the study clearly show that the Islamic Republic of Iran is in need of a transparent and comprehensive anti-poverty policy in order to overcome its high level of poverty and inequality. Maps and statistics not only delineate these high levels but also show the disparity of the extent to which people are in poverty among regions. Numerical results and maps also illustrate patterns of poverty and inequality in small geographic regions and provide useful information about their attendant correlates. Maps depict the priority areas regarding each aspect of poverty and inequality. The results also suggest that location has a great deal to do with understanding the economic welfare of households. Small area estimations uncovered that even within prosperous regions, there may be a few areas with extreme poverty levels. Some regions are uniformly in poverty while in others, the poverty rate is deceptively low and the poverty density is high. Clustering methods are efficient instruments to classify small areas in similar groups regarding all aspects of poverty and inequality and should be utilized to avoid confusion. Small area estimations of poverty gap are very helpful for estimating the minimum budget required for eliminating poverty in particular region. This enables governments to avoid extreme payments during budget allocation. Table 3 shows the budget required to raise all members of the population above the corresponding poverty line using estimates of poverty gap in different levels of disaggregation. The difference between two budget requirements is a measure of efficiency that government can gain from small area estimations. Applying an informed welfare policy with small area estimations and saving 27 per cent of budget, government can take the opportunity to spend a significant share of the subsidy revenue on development programmes according to the regional requirement. The discussion in this paper suggests that small area estimations are beneficial for setting a geographically targeted pro-poor policy. Although the results do not indicate which geographical factors affect economic welfare, a spatial analysis using detailed GIS information can be applied to obtain additional input as complementary information for policy implications. Reallocating a budget based on regional requirements not only alleviates poverty and inequality but also creates jobs and boosts production and income, which consequently raises living standards. For instance, geographical factors in rural areas, which cannot be addressed by current policy, may be insufficient educational facilities, an inefficient health care system and limited infrastructure. One reason behind this is that government has no control on intrahousehold allocations and usually in poor households, the allowance received by head of household is not spent on education, health and other needs of children. In contrast, in a growth-oriented policy, the government takes into account regional factors and household characteristics, and invests more efficiently. As a result, governmental bodies do not waste time and energy on redistributional activities, but instead focus on reallocating budgets and setting regional policies. In short, policymakers may switch their focus from addressing "poor people" to "poor areas" (considering available information and policy instruments) in order to attain more accurate outcomes.
Generally speaking, the effective use of SAE can lead to fundamental changes in government interventions and development plans. This method is particularly useful when a government faces a budget deficit and must rationalize in detail its expenditures. Visualizing welfare indicators in small areas can facilitate evidence-based policymaking and efficient use of scarce resources. The policy implications of this paper are applicable to other countries that are similar to the Islamic Republic of Iran. Indonesia's policy on energy subsidies is an extreme case in East Asia in which different households and different regions are disproportionately benefiting from the subsidies. The government has been struggling for a long time on whether to free fuel prices or balance the subsidiary benefits among households and regions. Nevertheless, according to Bedi, and others (2007) , many government agencies had never utilized SAE and poverty maps for setting polices despite the substantial variation in poverty and inequality among local areas. In fact, the study done for the World Bank indicates that poverty maps have influenced policymaking in several countries. In Sri Lanka, poverty incidence is highly correlated with access to the market and the SAE technique has served as an essential tool for Samurdhi, the country's main poverty alleviation programme, which is under the authority of the Samurdhi (or prosperity) Ministry. Through this programme, 113 of the poorest areas were identified as being target points as the ministry reformed its transfer programme. As another example, a simulation study by Elbers and others (2007) using data from Cambodia shows that by utilizing SAE for efforts aimed at alleviating poverty, specific areas can be pinpointed and targeted for a specific programme, resulting in a budget that is less than one-third of one for a comparable untargeted programme. Poverty maps from other countries in Asia, such as Bangladesh, Cambodia, Nepal and Viet Nam, show that there are large-scale discrepancies in depth and incidence of poverty among small geographic areas, but this information has been underutilized. The additional evidence from the Islamic Republic of Iran to the substantive literature on poverty and inequality studies in developing countries reinforces the findings that SAE is an efficient tool for evidence-based policymaking. 
